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Riemannian Operators

• Tangent Tx St,r :=
{
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!
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• Projection ΠTx St,r
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• Retraction Rx(v) := µt + σtr ·
x− µt + v

‖x− µt + v‖2

gradSt,r
L := ΠT

x
(k)
t−1

St,r

(

∇
x

(k)
t−1

L

)

• Gradient

Linear Inverse Problems
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Measurement y Reconstruction x̂

Inference-time Diffusion Control

Image Inverse Problem (IP)
y = Ax

gt + noise

LIP(x,y) = ‖Ax− y‖22

Task operator
x̂t−1 ∼ pθ(xt−1|xt) := N (µt,σ

2

t In)

xt−1 = argmin
x∈Rn

L(x̂0(x, t− 1),y)

Experimental Results

Let                              . Then

,

where                   and                             .

xt−1 ∼ N (µt,σ
2
t
In)

Polar Decomposition of an Isotropic Gaussian

xt−1 = µt + σtru

r ∼ X (n) u ∼ Unif(Sn−1)

σtr

µt

σt · χ(n)

radius

Research Question: Can we design latent-distribution-aware guidance that ensures the guided sample lies within the original latent distribution?

xt−1 = argmin
x∈St,r

L(x̂0(x, t− 1),y)

Conditional Generation (Seg)

Condition y Generation x̂

ψ : Face Segmenter

Distribution-Induced Geometry DiffRGD: Diffusion Guidance with Riemannian Gradient Descent

Conditional Image Generation
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Segmentation Map Sketch FaceID

LSeg(x,y) = ‖ψ(x)− y‖22

1. Different tasks share a unified inference-time guidance formulation.
2. Naive gradient guidance can push latents away from their original distribution.
3. The key challenge is to improve conditional alignment without sacrificing sample quality.
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t−1 = xt−1 − γt ∇xt
L x

∗
t−1 = Rxt−1

(−ηt gradSt,r
L)xt

y ≈ Ax̂ y ≈ ψ(x̂)

We constrain guidance to a Gaussian-induced spherical manifold and optimize along its geometry.

St,r = {x ∈ R
n | ‖x− µt‖2 = σtr}


